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For several decades, scholars have studied cooperation and its outcomes in the educational context. Yet, we
lack a complete understanding of how different instructional strategies impact the relationship between cooper-
ation and learning. Here we studied how different instructional strategies led to different social configurations
and their differences in individual academic performance in an experiment with 82 first-year students from an
introductory physics course. Surprisingly, we found that students who actively seek out information on multiple
peers are less likely to achieve good performance on well-structured (algebra-based) problems, whereas, for ill-
structured (real-world-like) problems, this effect depended on the features of the learning environment. Besides,
we observed that good performance on ill and well-structured problems responded to different social network
configurations. In a highly clustered network (which contains redundant information), students performed well-
structured problems better than ill-structured problems. In contrast, students with access to network structural
holes (which enable access to more diverse information) performed ill-structured problems better than well-
structured problems. Finally, ill-structured problems could promote creative thinking, provided that instructors
guide the solving process and motivate students to engage in the appropriate cognitive demands these problems
entail. Our results suggest that teaching and instructional strategies play an important role in cooperative learn-
ing; therefore, educators implementing cooperative learning methods have to accompany them with adequate
instructional strategy.
I. INTRODUCTION
Cooperation is fruitful for learning [1, 2] leading to better
academic outcomes in the educational context [3–7]. More-
over, cooperation among peers eases collective learning, and
the emergence of good ideas, processes linked with crucial
competencies in today’s society [8]. Yet, little is known on
how different instructional strategies impact the relationship
between cooperation and learning.
Here, we investigated students’ social networks from three
different classes of an introductory physics course and de-
termined the social structures that facilitate good perfor-
mance on well-structured physics problems (e.g., algebra-
based problems), and an ill-structured physics problem [9].
By well-structured problems, we refer to algebra-based prob-
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lems, often characterized in Physics Education Research
(PER), by simplified and idealized situations that have little to
no connection with students’ real-world experience [10], and
frequently found on physics textbooks [11, 12]. On the other
hand, by ill-structured problems, we refer to those problems
associated with real-world problems [13] that lack the infor-
mation that individuals would use to find an already known
and unique solution. Ill-structured problems introduce high
levels of uncertainty associated with a spectrum of possible
outcomes and strategies on how to proceed to create them
[9, 14]. Concretely, here we use a task consisted on student
groups generating physics problems for high school students.
Through this study, we explored whether different forms of
collaborative mechanisms –creative combinations (CC) [15–
18] or interrogation logic (IL) [19]– predict good perfor-
mance on well and ill-structured problems. To this aim, we
set three different experimental conditions for 82 first-year
students, where we varied teaching and instructional strate-
gies. The experiment was run in an introductory physics
course over two months at a university in Northern Chile. To
explore the extent to which students’ social structures facil-
itated academic performance, we collected data on students’
performance on a physics test designed upon well-structured
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2problems, and performance on an ill-structured problem. In
addition, we asked students to respond to an on-line peer-
nomination survey related to their social interactions engaged
for information seeking to solve problems. Finally, we tested
the effects of different instructional strategies on academic
performance and whether collaboration responded differently
depending on the learning environment.
A. Physics Problem Solving and Collaboration
Well and ill-structured problems have different charac-
teristics that might enact different forms of collaboration.
In physics education, algebra-based problems (i.e., well-
structured tasks) demand the use of a limited number of rules
and principles (e.g. algebra and physics principles), along
with a set of procedures that are well organized, constrained
to certain parameters (e.g., initial and/or the final conditions
on a motion problem in kinematics). Besides, these tasks
have predictable actions that are frequently used to solve
similar problems [20, 21]. Good performance on algebra-
based problems has not been reported necessarily as a con-
sequence of conceptual understanding [22, 23], as students
tend to solve such tasks through a ’plug and chug’ strategy
[12, 20, 23]. In addition, well-structured problems can be
defined as disjunctive tasks [24] with low levels of positive
interdependence [1], as these tasks might be solved by the
most capable or vocal students when addressed in groups.
On the other hand, the difficulty of ill-structured problems
relies on deciding the appropriate constraining conditions that
would guide solvers to transition the open-ended scenario to-
wards decisions to come up with their unique response [25].
Fortus [13] studied the importance of making assumptions
when solving ill-structured mechanics problems on experts
and novices. He found that even experts struggled for creat-
ing adequate assumptions on the physics variables and prin-
ciples involved, and on the absolute or relative magnitudes
of the variables for deciding and developing solutions. From
the embedded attributes of ill-structured problems, one might
expect ill-structured problems to introduce high levels of pos-
itive interdependence [1], and be perceived as additive tasks
[24], where performance emerged as the sum of all members’
contributions and relevant abilities [26]. These expectations
are coherent with the experience from Heller and colleagues
[27], who designed context-rich problems as an alternative
to traditional textbook physics activities [10], and found that
groups performed better than isolated students.
B. Network Centrality and Learning
Social Network Theory provides two alternative collabo-
rative mechanisms that enable knowledge development and
idea generation for problem-solving: a. creative combina-
tions (CC); and, b. interrogation logic (IL), where both col-
laborative mechanisms are oriented towards the emergence
of good ideas but through different social configurations. The
former, CC of information is a mechanism that depends on
one’s structural position within the network, and the diversity
of knowledge that could be accessed through such structure.
Accordingly, good ideas would depend on how people learn
new information through different social ties, from zones of
high knowledge redundancy (i.e., high network cohesion), to
zones where actors have access to isolated partitions of the
network (i.e., structural holes). Actors who bridge connec-
tions between two unconnected individuals or groups, or who
span structural wholes through brokerage, would enjoy the
advantages of social capital by accessing the resources avail-
able in different places of the network and are therefore more
likely to produce creative ideas [15, 28]. In addition, individ-
uals and groups located in central positions of the social net-
work are more likely to have creative outputs, because they
are placed in paths connecting two or more teams, and there-
fore have access to the information that is transferred through
those links [15, 28–30]. In contrast, peripheral students and
groups placed at the end of the information path would de-
pend on central groups letting the knowledge flow in their di-
rection, thus making them less likely to take faster advantage
of the information flowing throughout the network [31].
Differently, the IL [19] is a mechanism where highly con-
strained networks (e.g., cohesive groups) afford opportunities
for creative ideas, but though different cognitive processes
than actors who span structural holes. On tasks that bene-
fit from IL, subjects’ attention is focused on specific content
and its related ideas rather than on the diversity of informa-
tion flowing throughout the network, which enabled them an
in-depth examination of the local knowledge managed by the
individuals embedded in the cohesive group.
In Education and PER literature, we found no reference in
regards to whether the aforementioned collaborative mech-
anisms (i.e., CC and IL) are preferred for solving different
types of problems. So far, education researchers have used
network analysis to explore the academic advantages of a cen-
tral position in students’ networks. Academic performance
is most likely to be enhanced by being immersed in a cohe-
sive social network from which students can take advantage
of the information, skills, abilities others might share through
social ties [28, 32–36]. Research evidence has found sig-
nificant correlations between centrality measures and perfor-
mance [37, 38]. Moreover, the teaching and learning condi-
tions play an essential role in encouraging (hindering) student
social interaction for students to reach central positions in the
network [39, 40]. Finally, recent evidence has found that the
number of social ties (e.g., centrality) is not a straightforward
predictor for academic achievement. More out-ties for coop-
eration showed a negative effects on students’ performance,
while reciprocal ties led to better academic performance [7],
adding a new condition over the nature of the social relation-
ship for academic achievements.
From this body of evidence, we asked: What is the role
of instructional strategies (teaching and learning activities)
in cooperation and learning outcomes in an undergraduate
3physics course?
II. METHODS
We conducted an experiment in three undergraduate sec-
tions from an introductory physics course designed for engi-
neer majors in a University in Northern Chile, over a period
of 8 weeks in 2018. We aimed to explore whether student
collaboration played either similar or different effects over
performance on well and ill-structured physics problems. For
this purpose, in collaboration with course instructors, we de-
signed a battery of ill-structured problems grounded on real-
life situations for a weekly administration during problem
solving sessions for a period of 7 weeks.
Students were engineering majors in their first or second
year of college education, pursuing a careers on either Indus-
trial Civil Engineer or Software Civil Engineer. A total of
82 participated in the study (Traditional = 33; Mixed = 23;
Treatment = 26).
The details of the experiment are depicted in Fig. 1. Here,
we show the instructional characteristics of the three sec-
tions (Traditional, Mixed and Treatment), the types of physics
problems they worked, and the role each instructor enacted in
guiding the sessions. In terms of instructor’s role, we identi-
fied two alternative behaviors: a) Source of information, that
is, instructor facilitated direct information to respond to stu-
dents’ questions regarding the problem; and b) Socialization
and Creativity, that is, instructor responded to students ques-
tions by directing their attention to other classmates who may
have either asked similar question, or responded it already.
Fig. 1 also shows performance and network instruments ad-
ministered on weeks 7 and 8. More details of these instru-
ments in the following section.
A. Data Collection
During the 7th week of the experiment (Fig. 1), we tasked
students with the activity of designing a physics problem for
high school students (see the activity instructions in supple-
mentary material) addressing the concepts and principles of
circular motion. At the end of the session we gathered stu-
dents’ generated physics problems, and asked them to re-
spond an online peer-nomination survey to identify the so-
cial network of the class during the problem solving session
where participants solved the ill-structured problem.
1. Network Surveys
The survey consisted on two questions administered
through Qualtrics online survey service that aimed to mea-
sured the following networks (see survey design on supple-
mentary material):
a. Network of Information Seeking: From whom had
you sought information for solving the physics problem ad-
dressed in this session?
b. Network of Good Students: Who is a good physics
problem solver in your class? (i.e., a student you believe is
good at understanding physics content and solving physics
problems).
To facilitate students’ responses on each of these questions,
we included the roster of students enrolled per section. Con-
sequently, subjects responded by selecting the individuals in
their sections from whom they sought information, and the
ones that are perceived as a good students. Both questions led
to directed (i.e., ties are not necessarily reciprocal) and binary
networks (i.e., links between nodes either exist (1) or do not
exist (0)). The network of information seeking was designed
to reveal whether students engaged on social interactions with
the goal of finding resources and ideas for solving the physics
ill-structured problem. Because flow ties are difficult to ob-
tain, social interactions such as ’seeking information’ may be
perceived as proxies of information flow [30, 42]. Using good
student network is thought to enable an additional dimension
to reveal what type of students engaged on information seek-
ing, to then explore whether this perceived prestige is a valu-
able contributor to the social processes that affect academic
success.
2. Dependent Variables
Instructors of the course facilitated the variable Physics
Grades, which consisted on students’ scores to a test de-
signed by instructors over three algebra-based problems ad-
ministered on week 8 (Fig. 1), and used in the analysis as
the measurement of performance on well-structured physics
problems. Physics grades were shared by the instructors three
weeks after the day of data collection, without the possibility
to review the assessment instrument, nor students’ solutions
to these problems.
Finally, the performance measurement for students solu-
tions to ill-structured problems is labeled as Problem Elabo-
ration (PE), and was constructed to assess the degree of elabo-
ration in students’ generated problems for the content of kine-
matic of circular motion. The following is an example of a
problem generated by one student group:
Donkey Kong wants to throw barrels to King K
Rool. For this, Donkey Kong throws one barrel
with an angular speed of 2pi rad/s. By knowing
that at 3 s its speed is 10pi rad/s, and that the
barrel impacts at 5 s. Determine: a. the angle
covered by the barrel; b. the magnitude of the
centripetal and tangential acceleration at the mo-
ment of impact at 6 cm from its center; and c.
frequency and period.
Because creative tasks and their respective outputs may
deviate from the standard solutions, analyzing performance
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FIG. 1. Experiment design, with three sections: Traditional, Mixed and Treatment. The diagram shows the timeline of the events from weeks
1 through 8. Includes the unique instructional characteristics per section (Types of Problems, and Instructor’s Role); along with Performance
instruments and Network Surveys.
TABLE I. Code description of problem characteristics for Problem Elaboration.
Code Description
Physics Concepts Asked Physics concepts used as problem items (e.g., angular speed, tangential acceleration).
Type of Information
Ready-to-Use Info Data is explicitly presented in the problem and with appropriate units for its use.
Conversion of Units Physical quantities that need conversion to respect the IS of units (i.e., m and s).
Text to Math Physics information is presented in written form and needs translation into mathemati-
cal expressions (e.g., “begin its motion from rest” or “uniform motion”).
Algebra Transformation Physics information for solving the problem needs algebraic steps for accessing and
using it.
Information Research The problem requires researching appropriate magnitudes to solve the problem.
Assumptions Problem forces students to assume particular characteristics of the problem, such as
constant acceleration, or the position of the ‘particle’ that describes the circular motion.
No. Phys. Concepts Asked Number of physics concepts used as problem items.
No. Equations Needed Number of equations required to solve the problem.
Contextual Details Elements from real-life activities, and/or actors witnessing or engaging in actions.
Word Count Number of words used on the problems’ description.
Cognitive Demand Taken from a taxonomy of introductory physics problems [41].
on ill-structured problems was conducted through the iden-
tification of embedded features and characteristics. We con-
ducted the analysis on a total of 26 problems (Traditional =
10; Mixed = 9; Treatment = 7). In order to conduct the anal-
ysis, we translated these problems from Spanish to English,
which were revised by a native English speaker knowledge-
able in physics. The analysis of these solutions (i.e., physics
problems) was conducted on NVivo 12 plus, a software for
qualitative data analysis. This qualitative description came
from the identification problems’ attributes and characteris-
tics, such as physics concepts used as data and/or questions,
type of information, contextual details, word count among
others variables shown in Table I. A first wave of problem
coding was conducted by the lead author, which yielded to an
5initial version of the code-book, who was revisited in collab-
oration with a trained graduate student in qualitative analysis
and physics content (For more details see [43]). After agree-
ment, an independent wave of coding was performed, where
both covered 40% of the data (10 problems), obtaining a Co-
hen’s Kappa of .92.
3. Network Measures
The network measures used for this analysis were com-
puted from the network of information seeking (i.e., response
to survey question a). This set of social structure variables
consisted on different metrics of network centrality (degree,
in-degree, out-degree, betweenness and eigenvector ), as well
as network constraint and a brokerage metric known as gate-
keeper. Following we describe each of these variables:
• Degree is a network measure of centrality that counts
the number of edges (i.e., social ties) connecting the
focal actor.
• Out-degree: on directed networks this measure of cen-
trality counts the number of outgoing edges or social
ties for a given node, that is, the number of links di-
rected from the focal actor towards other individuals
within the network.
• Gatekeeper: a brokerage measure that counts the num-
ber of times node i bridged connections between j and
q, being the source node j a member of a different
group than i and q, which in turn are members of the
same group. A gatekeeper broker is an individual that
spans non-redundant ties with nodes outside its own
group, has connections with its own group members,
and engages in bringing information from the outside
ties, while the destination of that information is a mem-
bers within its own group. On Fig. 2, nodes C, D and F
display such type of brokerage as they display ties with
nodes outside their own units (sources), but at the same
time engaged with teammates, and therefore, may have
access to novel information from these outside sources
and bring it to the group.
• Eigenvector: network centrality measure that regards
to social influence within a system, as it depends on
whether the nodes tied to the focal actor shows social
ties to other well connected nodes.
Accounting for the connectivity of one’s friends is
key for flow processes [42], to the extent that friends
with social relationships outside one’s social domain
might boost chances of receiving and sharing valu-
able information for learning, innovation and social
status. The algebraic representation of eigenvector is
as follows:ei=λ
∑
j xijej . Here, ei is the eigenvec-
tor centrality of node i, and λ the largest eigenvalue of
ei. Moreover, xij can take values of 1 or 0 depending
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FIG. 2. Network diagram of constraints and structural holes. Node
F has access to different sources of information from blue and green
communities.
on whether nodes i connected to j or not respectively.
That is, eigenvector centrality of node i is proportional
to the sum of its neighbors’ eigenvector centralities.
• Constraint Constraint is network measure that accounts
the number of redundant social ties, that is, the degree
to which a node spans ties with others who are also
connected to each other [44].
This is an inverse measure of brokerage, or the node
that bridges isolated portions of the network, thus ac-
cessing structural holes. High constraint will indicate
that a node is totally invested in a group of already con-
nected others, and will therefore have access to zero
structural holes. The definition introduced by [44]:
Ci=
∑
j cij ,i6=j; cij=(pij +
∑
q piqpjq)
2,q 6=i,j, where
Ci is the constrain of node i, and cij an index that indi-
cates i’s investment on its relationship with j, counting
direct (pij : proportion of tie strength between i and j,
relative al all of i’s ties) and indirect (
∑
q piqpjq): pro-
portion of tie strength through indirect paths connect-
ing i and j via q).
Network constraint is a variable negatively associated
with brokerage, that is, the investment in social interac-
tions that bridge connections between previously iso-
lated portion of the network, known as structural holes.
For instance, on Fig. 2, node F has access to a struc-
tural hole because it shows non-redundant ties between
groups green and blue, and may access to new informa-
tion and ideas from both groups, which may provide
unique opportunities for creative combinations. Con-
sequently, node F would have lower network constraint
than, for instance, nodes G and H as these have redun-
dant ties, and therefore are unable of brokering beyond
their close network.
64. Control Variables
Finally, we accessed to data on students’ scores on a na-
tionwide standardized testing (University Selection Test or
UST) to access higher education, type of high school from
where students graduated, city where they lived before enter-
ing university, engineering major and gender, which were uti-
lized as control variables in our analysis. These control vari-
ables aim to account for the homophily mechanisms that drive
social networks configuration in higher education. [3, 6, 45].
B. Data Analysis
After removing missing cases, the number of students re-
maining for analysis was N = 67. We used ordinary least
square multiple regressions (OLS) on the continuous depen-
dent variables (i.e., physics grades and problem elaboration)
to explore the effect of network structures, as well differences
in performance by sections.
First we tested the effect of network measures over prob-
lem elaboration and physics grades. For this we regressed
physics grades on network predictors. The models for grades
and problem elaboration include interaction terms between
class sections and the investigated network measure, which
enable a comparison and interpretation on whether the net-
work variable has a similar effect over the whole sample, or
its effect over students’ outcomes depends on the learning
environment defined by the type of problems and teaching
strategy. In order to ease interpretation of regression coeffi-
cients, all predictors were standardized. For interpreting the
regression coefficients of categorical variables such as aca-
demic sections (as), school type (st) and engineer major (em),
readers must consider that the coefficient emerges as the dif-
ference between the variable in the model and the baseline
categories (here as: Traditional, st: Industrial civil engineer,
and em: public schools).
Later, we explored whether engaging on problem elabo-
ration enabled good performance through the moderation of
social engagement on information seeking. In other words,
we investigated the degree to which creative problems fos-
ter students’ ability to answer well-structured problems in in-
teraction with students’ network structure. For this purpose,
we fitted OLS multiple regression models with an interaction
term between problem elaboration and network measures.
III. RESULTS
A. The Effect of Social Structures over Physics Grades
Figure 3 depicts classroom networks for information seek-
ing. The node size represents out-degree centrality –the
number of times that the student seeks for information to a
peer,– whereas color shades indicate the grade obtained in
the physics test (well-structured problem). By visually in-
specting the figure, we observe high grades students –nodes
with darker colors– tend to be smaller (i.e., lower out-degree)
and located at the periphery of the network. In contrast, low
grades students tend to have higher out-degree.
Figure 4 summarizes the multiple regression models fitted
using log(out-degree) (4A), gatekeeper (4B), network con-
straint (4C), log(degree) (4D), eigenvector (4E), and the base-
line of good student centrality (4F). These models allowed
us to explore the effect of network structures over physics
grades, and whether such effects are invariant of the teach-
ing conditions enacted on each section. The regression co-
efficient for the Treatment section is positive and significant,
with a large effect over physics grades in all models, even
after controlling for all the confounding variables. Students
under the Treatment condition are likely to increase almost a
point in their grades, compared to what students in the Tra-
ditional section would score under similar conditions. This
result suggests important effects of the learning environment
generated in the Treatment section, based on ill-structured
problems, along with guidance over socialization of informa-
tion.
Surprisingly, and contrary to research evidence in the liter-
ature, centrality metrics showed a negative effect over grades.
These effects are observed for log(out-degree) (A), gate-
keeper (B) , log(degree) (D) and eigenvector (E). Because
out-degree refers to the number of outgoing ties, the activity
of seeking out information does not afford good grades. In
general, having a high number of social ties, either incoming
or outgoing, shows to be negatively related to physics grades,
as seen on model D for log(degree). Consistent with our pre-
vious results, connecting others outside one’s group for infor-
mation seeking (Figure 4B) does not afford academic success
in well-structured problems.
Different from other models, the regression coefficient for
network constraint in 4C is positive, yet not statistically sig-
nificant. The direction of the coefficient is consistent with
the collaborative process of interrogation logic [19], a process
that benefits from highly constraint networks. To disentangle
this relationship, Figure 5 shows the interaction between net-
work constraint and classroom sections in predicting physics
grades. According to the plot, both Traditional (red) and
Treatment sections (green) show positive and statistically the
same slopes, whereas the effect of network constraint is neg-
ative for the Mixed section (blue). This result suggests that
high access to structural holes (i.e., low constraint) leads to
higher grades just for the Mixed section.
B. The Effect of Social Structures over Problem Elaboration
Figure 6 summarized the multiple regression models on
problem elaboration (See Supplementary Table 1), with main
predictors in academic section, network constraint (Fig. 6A),
gatekeeper brokerage (Fig. 6B), and eigenvector centrality
(Fig. 6C). Also, we include the interaction between the net-
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FIG. 3. Classroom networks for the three analyzed sections: Traditional, Mixed, and Treatment. Node color represents physics grades (being
dark red the highest), and the node size represents the out-degree centrality, i.e., the number of times that a student seeks for information in
the classroom.
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dicting physics grades.
work metric and the academic section variable to explore
whether there are differences in problem elaboration due to
differences in instruction. For all models, we control for
different confounding variables such as good student nomi-
nation; higher education application score (UST); a dummy
variable that takes value 1 if students reside in the same city
as their family; a dummy variable gender; and a dummy vari-
able for private or non-private high school.
Figure 6A shows that network constraint –being a member
of a cohesive network with redundant ties– has a positive but
non-significant effect over problem elaboration.
Figure 6B shows a negative and significant difference in
problem elaboration between the Mixed and Traditional sec-
tion, while such difference is also negative but not significant
between Treatment and Traditional. Moreover, students seek-
ing out information from peers from other groups, and shar-
ing it with their team members (i.e., gatekeeper brokerage) is
a positive predictor of problem elaboration above and beyond
instructional differences. The interaction term is negative for
Mixed compared Traditional section and statistically signifi-
cant at .001 level and less negative for Treatment relative to
Traditional, but at .1 level of significance. Figure 7 depicts the
relationship between problem elaboration and gatekeeper by
section. Accordingly, the Mixed section exhibits a negative
slope, while being a gatekeeper in Traditional and Treatment
sections yield to higher problem elaboration.
Figure 6C shows that eigenvector centrality to be nega-
tively related to problem elaboration. In other words, stu-
dents who are linked to well-connected others in the network
of information seeking perform worse in problem elaboration
than students who are not well-connected. However, the ef-
fect size gets closer to zero when including the interaction
between eigenvector and classroom sections, which means
that just Mixed and Treatment sections mainly drive the pre-
viously described effect.
C. The Moderation Effect of Network Structures
Here we explore whether network variables drive the re-
lationship between problem elaboration and physics scores.
Because having designed an elaborated physics problem had
no direct effect in predicting physics grades (Fig. 4), we con-
sidered the possibility that this relationship to be moderated
by students’ structural position within the network of infor-
mation seeking. Here we present multiple regression mod-
els with moderators in log(degree) and eigenvector centrality
(Fig. 4D and E, respectively). Besides, we tested the moder-
ating effect of perceived good students over the relationship
between problem elaboration and physics grades (Fig. 4F).
We follow the rationale that different levels of problem elab-
oration may have enabled differences in conceptual under-
standing and abilities for solving well-structured problems
(i.e., physics grades), at different levels of perceived status
(i.e., good students). Both models, Figures 4 D and E, showed
negative interaction terms between network centralities and
problem elaboration in predicting grades. We found the same
result for the moderated effect of good student nomination,
with a negative coefficient.
Fig. 8 depicts the relationship between problem elabora-
tion and physics grades at different levels of log(degree) and
good students nomination. First, students who showed low
degree centrality (red, Fig. 8A) benefited from developing
problems with high elaboration, as this process afforded them
good grades. However, for students with high degree cen-
trality (blue), creating highly elaborated problems showed a
detrimental effect over grades. In simple words, scoring high
in problem elaboration enabled good grades only for those
who engaged in less social interactions for information seek-
ing (i.e., low log(degree)), which is coherent with our previ-
ous results. Finally, Fig. 8 B depicts the relationship between
problem elaboration and physics grades at different levels
of good students nomination. The interaction plot shows
that participants who were not perceived as good students in
physics (red) benefited from creating well-elaborated prob-
lems, which in turn translated in good grades, while ’good
students’ (blue) might have gotten better grades after creating
problems with low levels of elaboration.
IV. DISCUSSION
Based on the types of problems worked on the Mixed sec-
tion, it is a surprise that the Mixed section had lower elabora-
tion than the Traditional section (see 6 model B). The learning
conditions, problems and instructional guidance on how to
solve problems on each section may have influenced students’
motivation for creating problems with various levels of elab-
oration and complexity. For instance, the learning goal of the
task (i.e., design a physics problem for secondary students)
may have motivated students in the Traditional section to uti-
lize characteristics from textbook problems that were in their
repository of activities to design problems in an effective way.
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FIG. 7. Linear regression for interaction between gatekeeper and
sections for predicting physics grades.
The Mixed section worked on ill-structured problems, but the
instructor did not emphasize the importance of assumptions
in the face of ill-structured activities. Consequently, high-
lighting the role of assumption making when addressing cre-
ative tasks we believe had positive effects over students’ ex-
pectations and motivation for generating problems, as sug-
gested by the high problem elaboration found on problems
from Treatment section, whose instructor engaged in such a
positive narrative for creativity.
Interestingly, being a central actor within the network of
information seeking does not afford good grades. This evi-
dence is was observed for variables such as outdegree, degree
and eigenvector centrality, and consistent with the evidence
found in Candia and colleagues [7]. The directionality of this
relationship contradicts the research evidence found on other
studies in Education and PER [37, 38, 46]. To understand
this contradictory results, one could focus on the nature of
the social networks mapped on this and other studies, and ar-
gue in favor of the nature of the social processes as one of
the reasons why we obtained contradictory evidence. Studies
in PER had asked students to write down the names of their
peers with whom respondents had meaningful interactions in-
side the classroom [38, 47, 48]. Under such survey question,
students are likely to remember interactions with friends [49],
or useful interactions related to the learning goals of the ses-
sion [38]. Differently, the survey question used in this study
aimed to determine students’ social engagement in the pro-
cess of seeking out information in the classroom, where stu-
dents were also likely to report useful as well as friendship-
based interactions for information seeking. However, both
types of relationships may not necessarily overlap as the na-
ture of the network does not account for the effectiveness of
the social tie (i.e., whether the information accessed was use-
ful or not). That is, students may have interacted and reported
ties with friends and others not consider friends for informa-
tion for solving the problem, regardless of the meaningfulness
of the interactions. Consequently and according to the nega-
tive coefficients of centrality over physics grades, students are
either not capable of requesting appropriate information for
solving physics problems due to ineffective communication,
or it may be that engaging in such processes for information
seeking is irrelevant in the learning context described here.
If the former were true, this would be evidence for the need
to engage students on the social processes linked to effective
communication and collaboration. Yet, if the learning context
were blind to social interactions and sharing information, then
this would call for a reflection over the teaching and learning
practices involved in university education. Alternatively, it
may be the case that students approximated effective social
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interactions, yet the actors reached lacked meaningful infor-
mation to share, or rather provided misconceptions regarding
the content and/or the goals of the task. Consequently, having
nodes with reduced knowledge of the content is not an ideal
scenario for students to engage in socialization of informa-
tion for collective growth. This calls for remedial strategies
that prepare subjects for proper learning before putting them
in positions to collaborate.
It is worth paying attention to the significant interaction be-
tween network constraint and sections for predicting physics
grades (see 5). Here, both Traditional and Treatment show a
positive relationship with grades, whereas for Mixed section
this relationship is negative. This evidence suggest that the
social systems created under Traditional and Treatment con-
ditions take advantage of highly constrained networks, where
subjects presumably engaged on deep analysis and reflection
of ideas, or interrogation logic [19]. Consequently, within
such a cohesive network it is easier to learn complex infor-
mation, as well as to develop good ideas [28]. This process
is evidence that the nature of well-structured problems does
not benefit from the mechanism of creative combinations, but
rather engaging on such efforts brings negative effects. Ac-
cess to unique connections is related to inflow of novel ideas,
which here does not afford better outcomes, likely because
the well-bounded nature of the physics information for solv-
ing well-structured problems does not need novelty, but rather
conventional knowledge. Further, the negative effect of con-
straint on the Mixed section suggests the opposite, where stu-
dents benefit from connecting structural holes. Surprisingly,
students on the Mixed section displayed higher network con-
straint relative to students from Traditional section (Fig. 7).
Consequently, not taking advantage of it for scoring higher
grades may be due to ineffective communication for collabo-
ration.
Moreover, and even though the models did not yield to sig-
nificant coefficients, constraint showed null effect for prob-
lem elaboration compared to the negative physics grades,
while gatekeeper brokerage showed to be a positive predic-
tor for problem elaboration, and negative for physics grades.
These results add interesting evidence to the contrasting na-
ture of both types of performance, as well as the shape of
learning objectives and the measurement instruments design
for such purpose. Generating problems may be close to ben-
efiting from creative combinations [15] compared to well-
structured physics problems, provided students engaged on
effective mechanisms for information seeking in a context
that rewards creativity like the Treatment section.
The moderated effect of network centrality and good stu-
dent nomination for predicting physics grades are consis-
tent with the single effect of network structures over physics
grades. These results constitute additional evidence of the
detrimental effect of socialization and seeking out informa-
tion, presumably through ineffective mechanisms. Surpris-
ingly, students who are not perceived as good students would
get better grades if they score higher on problem elabora-
tion. Alternatively, the complexity of generating a physics
problems showed to have negative effects for students who
enjoy the social recognition of being proficient in physics.
The physics education tradition grounded on algebra-based
physics problems [11, 12, 22, 23], and its consequent belief
that a good physics performance responds to solving well-
structured problems has clearly encouraged students to rec-
ognize proficient others based on their ability to solve such
tasks. However, the set of skills to solve algebra-based prob-
lems may not necessarily enabled them better outcomes in
more creative-oriented tasks. This evidence challenges the
nature and features of proficiency in this particular context,
and pushes us to expand our own perspectives in the matter.
11
V. LIMITATIONS AND FUTURE RECOMMENDATIONS
We recognize the limitations of this study associated with
the reduced sample size, and the lack of alternative variables
that would have strengthen the analysis of students’ responses
and social experience. Further control and observation over
instructional strategies would also facilitate a deeper under-
standing of the nature of the social system generated on each
academic section. In addition, short term activities for a sin-
gle session might discourage interdependency and continues
collaboration among students. Consequently, future pedagog-
ical innovations should include higher level of structure, with
explicit learning goals at individual and group level. An im-
portant dimension for improvement consists on understand-
ing the different ways in which students collaborate and gain
access to information from their peers. Such effort might
support the interpretation that students engaged on ineffec-
tive forms of communication when solving different types of
activities, which would lead to recommendations over the im-
portance of appropriate strategies for social capital depend-
ing on the nature of the task. Additional evidence on stu-
dents’ strategies for social connection may support the need
to introduce pedagogical innovations that respond to creativ-
ity and collaboration in university education. Based on this
results, educators must be cautious in implementing teaching
strategies grounded on principles of collaboration and inter-
dependency. Using such principles would demands intense
attention on students’ interactions, and appropriate guidance
over effective strategies for collaboration and communication
of information. In addition, introducing ill-structured prob-
lems in education brings positive learning outcomes and in-
teresting chances for creative thinking, yet, this is true when
instructors guided the solving process and motivated students
to engage on the appropriate cognitive demands these prob-
lems entail. In addition, having students developing appropri-
ate content knowledge before attempting to introduce activi-
ties that require intense knowledge transfer may induce richer
dialogues.
VI. CONCLUSIONS
Encouraging students to solve open-ended activities such
as ill-structured problems within a learning environment that
highlights the importance of creativity and socialization of
information (i.e., Treatment condition) would likely boost
students’ opportunities for better grades compared to tradi-
tional classrooms. Yet, the process of interacting with oth-
ers for the purpose of accessing new information for solv-
ing ill-structured problems might be detrimental for obtain-
ing good physics grades, particularly if the latter performance
measurement comes as the results of algebra-based problems
(i.e., well-structured tasks). The nature of the well-structured
problems and the features of the learning context tend re-
ward individualized performance, or collective efforts that
emerged from highly cohesive clusters of students. More-
over, well and ill-structured problems responded positively to
different social structures, and therefore, social positions that
afforded good grades may have unwanted effects if the tasks
are ill-structured. Finally, to optimize the learning effects of
socialization of information, the learning environment must
enable appropriate distribution of knowledge, encourage and
value social interactions and the emergence of unconventional
ideas, as well as effective communication.
DATA AVAILABILITY
The anonymized data necessary to reproduce this work can
be delivered under a reasonable request to the authors.
CODE AVAILABILITY
The entire analysis and data processing were done using
the standard R libraries (https://www.r-project.org/).
AUTHOR CONTRIBUTIONS
J.P. contributed to the study design, acquisition and data
analysis and writing the manuscript. C.C. contributed
with the data analysis, study conception and writing the
manuscript. P.L. contributed to the study conception and writ-
ing the manuscript.
CORRESPONDING AUTHORS
Javier Pulgar (jpulgar@ubiobio.cl).
Cristian Candia (cristian.candia@kellogg.northwestern.edu |
ccandiav@mit.edu | ccandiav@udd.cl).
COMPETING INTERESTS
Authors declare no competing interests.
ACKNOWLEDGMENTS
This material is based upon work supported by the AAPT
E. Leonard Jossem International Education Fund. Any
opinions, findings, and conclusions or recommendations ex-
pressed in this material are those of the author(s) and do not
necessarily reflect the views of the American Association of
Physics Teachers.
12
[1] D. W. Johnson, R. T. Johnson, and E. J. Holubec. Circles of
Learning: Cooperation in the Classroom. Interaction, Edina:
MN, 1986.
[2] David W Johnson and Roger T Johnson. Cooperation and
competition: Theory and research. Interaction Book Company,
1989.
[3] Valentin Kassarnig, Enys Mones, Andreas Bjerre-Nielsen, Pi-
otr Sapiezynski, David Dreyer Lassen, and Sune Lehmann.
Academic performance and behavioral patterns. EPJ Data Sci-
ence, 7(1):10, dec 2018.
[4] Deanna Blansky, Christina Kavanaugh, Cara Boothroyd, Bri-
anna Benson, Julie Gallagher, John Endress, and Hiroki
Sayama. Spread of Academic Success in a High School So-
cial Network. PLoS ONE, 2013.
[5] Bruce Sacerdote. Peer Effects in Education: How might they
work, how big are they and how much do we know Thus Far?
2011.
[6] S. Biancani and D. A. McFarland. Social Network Research in
Higher Education. Springer, London, 2013.
[7] C. Candia, V. Landaeta-Torres, C. A. Hidalgo, and
C. Rodriguez-Sickert. Strategic reciprocity improves aca-
demic performance in public elementary school children. arXiv
preprint arXiv:1909.11713, 2019.
[8] J.W. Pellegrino and M.L. Hilton. Education for Life and Work:
developing transferable knowledge and skills for 21st century.
The National Academies Press, New York, 2003.
[9] D. H. Jonassen. Toward a design theory of problem solv-
ing. Educational Technology Research and Development,
48(4):63–85, 2000.
[10] P. Heller and M. Hollabaugh. Teaching problem solving
through cooperative grouping. part 2: Designing problems and
structuring groups. American Journal of Physics, 60(7):637–
644, 1992.
[11] M. T. H. Chi, P. J. Feltovich, and R. Glaser. Categorization
and representation of physics problems by experts and novices.
Cognitive Science, 5:121–151, 1981.
[12] J. Larkin, J. McDermott, D. P. Simon, and H. A. Simon. Expert
and novice performance in solving physics problems. Science,
108:1335–1342, 1980.
[13] D. Fortus. The importance of learning to make assumptions.
Science Education, 93(1):86–108, 2008.
[14] N. Shin, D. H. Jonassen, and S. McGee. Predictors of well-
structured and ill-structured problems solving in astronomy
simulation. Journal of Research in Science Teaching, 40(1):6–
33, 2003.
[15] R. S. Burt. Structural holes and good ideas. American Journal
of Sociology, 110(2):349–399, 2004.
[16] R. S. Burt. The social capital of structural holes. pages 148–
192, 2005.
[17] R. S. Burt and J. Merluzzi. Network oscillation. Academy of
Management Discoveries, 2(4):368–391, 2016.
[18] A. B. Hardagon. Brokering knowledge: linking learning and
innovation. Research in Organizational Behavior, 24:41–84,
2002.
[19] L. Rhee and P. Leonardi. Which pathways to good ideas? an
intention-based view of innovation in social networks. Strate-
gic Management Journal, 39:1188–1215, 2018.
[20] R. J. Dufresne, W. J. Gerace, P. T. Hardiman, and J. P. Mestre.
Constraining novices to perform expert-like problem analyses:
effects on schema acquisition. The Journal of the Learning
Sciences, 2(3):317–331, 1992.
[21] P. B. Kohl and N. D. Finkelstein. Patterns of multiple rep-
resentations use by experts and novices during physics prob-
lem solving. Physics Review Physics Education Research,
4:010111, 2008.
[22] E. Kim and S. Pak. Students do not overcome conceptual diffi-
culties after solving 1000 traditional problems. American Jour-
nal of Physics, 70(7):759–765, 2002.
[23] T. Byun and G. Lee. Why students still can’t solve physics
problems after solving over 2000 problems. American Journal
of Physics, 82:906–913, 2014.
[24] I. D. Steiner. Models for inferring relationships between group
size and potential productivity. Behavioral Science, 11:273–
283, 1966.
[25] W. Rietman. Heuristic decision procedures, open constraints,
and the structure of ill-defined problems. Wiley, New York,
1964.
[26] C. K. W. De Dreu, B. A. Nijstad, M. N. Bechtold, and M. Bass.
Group creativity and innovation: a motivated information pro-
cessing perspective. Psychology of Aesthetics, Creativity and
the Arts, 5(1):81–89, 2011.
[27] P. Heller, R. Keith, and S. Anderson. Teaching problem solving
through cooperative grouping. part 1: Groups versus individual
problem solving. American Journal of Physics, 60(7):627–636,
1992.
[28] L. Fleming, S. Mingo, and D. Cheng. Collaborative broker-
age, generative creativity and creative success. Administrative
Science Quarterly, 52:443–475, 2007.
[29] W. Tsai. Knowledge transfer in intraorganizational networks:
effects of network position and absorptive capacity on business
unit innovation and performance. The Academy of Manage-
ment Journal, 44(5):996–1004, 2001.
[30] A. Pentalnd. Social Physics: how social networks can make us
smarter. Pinguin Books, New York, 2015.
[31] S. Dawson, J. P. L. Tan, and E. McWilliam. Measuring creative
potential: Using social network analysis to monitor a learners’
creative capacity. Australasian Journal of Education Technol-
ogy, 27(6):924–942, 2011.
[32] D. Gaševic´, A. Zouap, and R. Janzen. Choose your classmates,
your gpa is at stake! the association of cross-class social ties
and academic performance. American Behavioral Scientists,
57(10):1460–1479, 2013.
[33] R. A. Smith and B. L. Peterson. “psst. . . what do you
think¿‘ the relationship between advice prestige, type of ad-
vice, and academic performance. Communication Education,
56(3):278–291, 2016.
[34] S. P. Borgatti and R. Cross. A relational view of information
seeking and learning in social networks. Management Science,
49(4):432–445, 2003.
[35] R. Reagans and B. McEvily. Network structure and knowl-
edge transfer: the effect of cohesion and range. Administrative
Quarterly Science, 48:240–267, 2003.
[36] Antoni Calvó-Armengol, Eleonora Patacchini, and Yves
Zenou. Peer effects and social networks in education. Review
of Economic Studies, 2009.
[37] G. Putnik, E. Costa, C. Alves, H. Castro, L. Varela, and
V. Shah. Analyzing the correlation between social net-
work analysis measures and performance of students in social
13
network-based engineering education. International Journal of
Technology and Design Education, 26:413–437, 2016.
[38] J. Bruun and E. Brewer. Talking and learning physics: predict-
ing future grades from network measures and force concept
inventory pretests scores. Physics Review Physics Education
Research, 9:021109, 2013.
[39] J. Pulgar, C. Rios, and C. Candia. Physics problems and in-
structional strategies for developing social networks in univer-
sity classrooms. arXiv preprint arXiv:1904.02840, 2019.
[40] Eric Brewe, Laird H Kramer, and George E O’Brien. Chang-
ing participation through formation of student learning com-
munities. In AIP Conference Proceedings, volume 1289, pages
85–88, Portland, O., July 21–22 2010. AIP.
[41] R. Teodorescu, C. Bennhold, G. Feldman, and L. Medsker.
New approach to analyzing physics problems: Ataxonomy of
introductory physics problems. Physics Review Physics Edu-
cation Research, 9:010103, 2013.
[42] S. P. Borgatti, M. G. Everett, and J. C. Johnson. Analyzing
Social Networks. SAGE, Washington, DC, 2013.
[43] J. Pulgar, A. Spina, C. Ríos, and D. Harlow. Contextual details,
cognitive demand and kinematic concepts: exploring concepts
and characteristics of student-generated problems in a univer-
sity physics course. In Physics Education Research Conference
2019, PER Conference, Provo, UT, July 24-25 2019.
[44] R.S. Burt. Structural Holes. Harvard University Press, Cam-
bridge, MA, 1992.
[45] C. Candia, S. Encarnação, and F. L. Pinheiro. The higher ed-
ucation space: connecting degree programs from individuals’
choices. EPJ Data Science, 8(1):39, 2019.
[46] D. Z. Grunspan, B. L. Wiggins, and S. M. Goodreau. Under-
standing classrooms through social network analysis: A primer
for social network analysis in educational research. CBE-Life
Sciences Education, 13:167–178, 2014.
[47] Eric A Williams, Justyna P Zwolak, Remy Dou, and Eric
Brewe. Engagement, integration, involvement: supporting
academic performance and developing a classroom social net-
work. arXiv preprint arXiv:1706.04121, 2017.
[48] J. P. Zwolak, R. Dou, E. A. Williams, and E. Brewe. Students’
network integration as a predictor of persistence in introductory
physics courses. Physics Review Physics Education Research,
13:010113, 2017.
[49] N. Eagle, A. Pentland, and D. Lazer. Inferring friendship net-
work structure using mobile phone data. Proceedings of the
National Academy of Science, 106:15727—-15278, 2009.
14
SUPPLEMENTARY MATERIAL
A. Experimental Protocol
Students enrolled in their respective sections through on-
line University system. Yet, they had no knowledge regard-
ing the name of the instructor responsible for the section they
selected. The introductory physics course addressed the con-
tents of kinematics and newtonian physics. The course had
three 2 hours sessions each week, plus a laboratory practice
session. Two of these sessions were dedicated to lectures,
while the remaining one was defined as a problem-solving
practice session. The intervention with ill-structured prob-
lems was administered during the problem-solving sessions,
where instructors on the Mixed and Treatment sections dis-
tributed problems for students to work in groups. Students
self-selected their teams.
FIG. 9. Ill-structured problems administered to course participants.
FIG. 10. Survey instrument consisting on two questions: (A) Net-
work of Information Seeking; and (B) Network of Good Students.
On week 7, we tasked students with the activity shown
in Fig. 9, where we asked to design a physics problem for
younger students to assess the kinematics of circular motion.
Students worked in groups (self-assigned) during the session,
and submit their solution at the end of the session.
At the end of the problem-solving session on week 7, we
administered a network survey designed on Qualtrics survey
service. We distributed the instrument through email to all
participants in the three sections.Fig. 10, shows the survey
design, with question on Column (A) measuring the network
of Information Seeking, and question (B) the Network of
Good Students. Because the survey is designed upon the ros-
ter of participants in the section, we generated a unique sur-
vey instrument for each of the three sections.
B. Supplementary Tables
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1. Physics Grades
TABLE II. OLS multiple regression models for Physics Grades re-
gressed on network predictors.
Dependent variable:
Physics Grades
(1) (2) (3) (4) (5) (6) (7) (8)
Mixed 0.849 0.895∗ 1.179∗∗ 1.229∗∗ 0.543 0.665 0.993∗
(0.535) (0.523) (0.548) (0.561) (0.514) (0.535) (0.520)
Treatment 0.874∗ 0.970∗∗ 1.160∗∗ 1.087∗∗ 0.930∗∗ 1.021∗∗ 0.890∗
(0.484) (0.475) (0.494) (0.485) (0.458) (0.490) (0.467)
Log(Outdegree) −0.331∗
(0.170)
Constraint 0.550∗
(0.315)
Log(Degree) −0.394∗
(0.212)
Eigenvector −0.364∗
(0.206)
P. Elaboration 0.013 0.044 0.032 0.064 0.035 −0.081 −0.047 −0.014
(0.176) (0.174) (0.170) (0.170) (0.173) (0.169) (0.185) (0.170)
Gatekeeper −0.395∗
(0.201)
Good Student 0.152 0.358 0.415 0.629∗∗ 0.511∗ 0.538∗∗ 0.513∗ 0.443∗
(0.208) (0.257) (0.253) (0.287) (0.262) (0.251) (0.258) (0.251)
UST 0.422∗∗ 0.572∗∗ 0.656∗∗∗ 0.601∗∗∗ 0.655∗∗∗ 0.608∗∗∗ 0.554∗∗ 0.600∗∗∗
(0.208) (0.224) (0.223) (0.220) (0.240) (0.212) (0.217) (0.217)
Same City 0.338 0.273 0.258 0.153 0.093 −0.063 0.173 0.105
(0.417) (0.411) (0.402) (0.406) (0.419) (0.401) (0.401) (0.404)
Eng. Major −0.020 −0.239 −0.434 −0.255 −0.190 −0.097 −0.118 −0.148
(0.426) (0.433) (0.434) (0.423) (0.459) (0.408) (0.434) (0.420)
Female −0.643 −0.515 −0.498 −0.455 −0.484 −0.593 −0.498 −0.586
(0.400) (0.400) (0.391) (0.392) (0.397) (0.376) (0.387) (0.387)
Private School 0.171 0.117 0.261 0.273 0.120 0.024 −0.169 0.092
(0.478) (0.473) (0.468) (0.468) (0.474) (0.446) (0.472) (0.456)
Mixed*Constraint −0.842∗
(0.422)
Treatment*Constraint −0.052
(0.549)
Log(Degree)*P.Elab. −0.363∗∗
(0.174)
Eigenvector*P.Elab. −0.322∗
(0.179)
Good Students*P.Elab. −0.394∗∗
(0.172)
Constant 3.875∗∗∗ 3.626∗∗∗ 3.606∗∗∗ 3.416∗∗∗ 3.696∗∗∗ 3.907∗∗∗ 3.746∗∗∗ 3.702∗∗∗
(0.509) (0.519) (0.507) (0.518) (0.517) (0.496) (0.523) (0.502)
Observations 67 67 67 67 67 67 67 67
R2 0.174 0.229 0.278 0.279 0.301 0.349 0.306 0.296
Adjusted R2 0.076 0.108 0.149 0.150 0.145 0.219 0.167 0.170
Residual Std. Error 1.351 (df = 59) 1.327 (df = 57) 1.296 (df = 56) 1.295 (df = 56) 1.299 (df = 54) 1.242 (df = 55) 1.283 (df = 55) 1.280 (df = 56)
F Statistic 1.779 (df = 7; 59)1.886∗ (df = 9; 57)2.160∗∗ (df = 10; 56)2.168∗∗ (df = 10; 56)1.934∗ (df = 12; 54)2.685∗∗∗ (df = 11; 55)2.200∗∗ (df = 11; 55)2.349∗∗ (df = 10; 56)
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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2. Problem Elaboration
TABLE III. OLS Multiple Regression Models for Problem Elabora-
tion regressed on network predictors.
Dependent variable:
Problem Elaboration
(1) (2) (3) (4) (5) (6)
Mixed −0.355 −0.405 −1.125∗∗∗ −0.222 −0.378
(0.401) (0.433) (0.381) (0.371) (0.374)
Treatment −0.127 −0.066 −0.335 0.206 0.148
(0.365) (0.377) (0.324) (0.350) (0.353)
Constraint −0.060
(0.245)
Gatekeeper 0.588∗∗
(0.242)
Eigenvector −0.456∗∗∗ −0.022
(0.135) (0.253)
Good Student 0.124 0.020 0.040 −0.085 0.159 0.124
(0.152) (0.194) (0.203) (0.188) (0.183) (0.181)
UST −0.136 −0.148 −0.217 −0.236 −0.131 −0.186
(0.151) (0.168) (0.184) (0.149) (0.155) (0.155)
Same City −0.468 −0.435 −0.515 −0.521∗ −0.364 −0.324
(0.300) (0.305) (0.318) (0.271) (0.282) (0.279)
Eng. Major −0.205 −0.155 0.020 0.075 0.113 0.259
(0.312) (0.326) (0.357) (0.287) (0.310) (0.327)
Female 0.307 0.287 0.240 −0.003 0.267 0.267
(0.291) (0.300) (0.307) (0.265) (0.276) (0.275)
Private School 0.516 0.500 0.566 0.491 0.280 0.280
(0.344) (0.351) (0.361) (0.303) (0.329) (0.325)
Mixed*Constraint 0.190
(0.327)
Treatment*Constraint 0.490
(0.422)
Mixed*Gatekeeper −2.390∗∗∗
(0.466)
Treatment*Gatekeeper −0.521∗
(0.275)
Mixed*Eigenvector −0.602∗∗
(0.301)
Treatment*Eigenvector −0.527
(0.355)
Constant −0.038 0.054 −0.042 0.151 −0.107 −0.169
(0.374) (0.392) (0.402) (0.347) (0.364) (0.362)
Observations 67 67 67 67 67 67
R2 0.106 0.118 0.150 0.406 0.266 0.317
Adjusted R2 0.017 −0.003 −0.020 0.287 0.150 0.181
Residual Std. Error 0.991 (df = 60) 1.002 (df = 58) 1.010 (df = 55) 0.844 (df = 55) 0.922 (df = 57) 0.905 (df = 55)
F Statistic 1.192 (df = 6; 60) 0.974 (df = 8; 58) 0.882 (df = 11; 55) 3.415∗∗∗ (df = 11; 55) 2.297∗∗ (df = 9; 57) 2.324∗∗ (df = 11; 55)
Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
